Abstract. Due to inadequate data support, existing algorithms used to estimate soil hydraulic conductivity, K, in (eco)hydrological models ignore the effects of key site factors such as land use and climate and underplay the significant effects of soil structure on water flow at and near saturation. These limitations may introduce serious bias and error into predictions of terrestrial water balances and soil moisture status, and thus plant growth and rates of biogeochemical processes. To resolve these issues, we collated a new global database of hydraulic conductivity measured by tension infiltrometer under field conditions. The results of our analyses on this data set contrast markedly with those of existing algorithms used to estimate K. For example, saturated hydraulic conductivity, K s , in the topsoil (< 0.3 m depth) was found to be only weakly related to texture. Instead, the data suggests that K s depends more strongly on bulk density, organic carbon content and land use. In this respect, organic carbon was negatively correlated with K s , presumably due to water repellency, while K s at arable sites was, on average, ca. 2-3 times smaller than under natural vegetation, forests and perennial agriculture. The data also clearly demonstrates that clay soils have smaller K in the soil matrix and thus a larger contribution of soil macropores to K at and near saturation.
Introduction
Soil hydraulic properties determine water fluxes and storages and thus a range of key biogeochemical processes in the earth's critical zone (NRC, 2001; Lin, 2010) . In particular, the hydraulic conductivity of surface soil layers at and near saturation is an important parameter regulating the partitioning of precipitation between surface runoff and groundwater recharge, plant water uptake and plant growth, rates of biogeochemical cycling in soil and risks of pollutant impacts on surface waters and groundwater. Soil hydraulic conductivity is traditionally measured on small samples in the laboratory (Klute and Dirksen, 1986) or with a variety of different infiltrometer techniques in the field (White et al., 1992; Angulo-Jaramillo et al., 2000) . These methods are time-consuming, so they are not practical to apply in all cases, especially for larger areas. Thus, for many hydrological model applications, soil hydraulic properties are estimated from more easily available proxy variables such as soil texture, bulk density or organic carbon content. Such estimation approaches are widely referred to as pedotransfer functions (Bouma, 1989; Wösten et al., 2001) . Some wellknown examples are the HYPRES functions (Wösten et al., 1999) and ROSETTA , which is derived from the global database UNSODA . In contrast to soil water retention, these existing approaches often perform poorly for predictions of hydraulic conductivity (Vereecken et al., 2010) , especially when the soil is nearly or completely water saturated (e.g. Chirico et al., 2007) . One important reason for this is that existing functions are based on measurements made on small cores in the laboratory, which are not representative for hydraulic conductivity in the field, for example, due to inadequate sample size (e.g. Davis et al., 1999) or the disruption of soil macropores during sampling and sample preparation. Thus, existing pedotransfer functions tend to overemphasize the importance of soil texture and underestimate the significant effects of structure (Vereecken et al., 2010) . Some efforts have been made to develop improved pedotransfer functions for saturated hydraulic conductivity, K s , that account for soil structure (e.g. McKenzie and Jacquier. 1997; Lin et al., 1999; Lilly et al., 2008) , but these are rarely used, probably because the soil structure descriptors required by these approaches are subjectively assessed and not widely available.
Existing global databases and pedotransfer functions for K s have several other limitations. For example, they do not address the significant effects of land use and vegetation types on K s that have been demonstrated in several localand regional-scale studies (e.g. Gonzalez-Sosa et al., 2010; Thompson et al., 2010; Wang et al., 2013) . Although few studies have addressed the question, climatic factors might also be expected to affect soil structure and K s through interactions with vegetation and thus the abundance of root and faunal biopores (Thompson et al., 2010) or physical processes such as freezing and thawing (Hu et al., 2012) , water repellency (Wang et al., 2009 ) and swelling and shrinkage. In a modeling context, errors resulting from the use of parameter estimation routines that ignore these important site controls on saturated hydraulic conductivity may result in significant errors in the partitioning between infiltration/runoff and evaporation/recharge in hydrological models (e.g. Davis et al., 1999; Chirico et al., 2010) , soil moisture contents and simulated rates of biogeochemical processes in soils (e.g. nutrient cycling and carbon turnover).
Pedotransfer functions based on field measurements should give more accurate predictions of saturated and near-saturated hydraulic conductivity than laboratory-based methods. In particular, unconfined infiltration measurements made using permeameters that supply water to the soil under a slight tension (so-called tension infiltrometers) reflect the impact of the fragile structural macropores that dominate flow at and close to saturation (Watson and Luxmoore, 1986; Jarvis and Messing, 1995; Jarvis, 2008) . The first tension infiltrometer was designed as early as the mid-1970s (Dixon, 1975) , but the technique really only became popular following the development of simple methods to estimate hydraulic properties from measured unconfined three-dimensional infiltration rates in the field (Ankeny et al., 1991; Reynolds and Elrick, 1991) . There is now a large amount of historical experimental data on hydraulic conductivity measured by tension infiltrometer in the peer-reviewed literature. Surprisingly, no serious attempts have been made to synthesize or analyze this data to derive global pedotransfer functions for saturated and near-saturated hydraulic conductivity. We are aware of only two previous studies of this type, both of which were only of limited scope, based on small data sets (Jarvis et al., 2002; Moosavi and Sepaskhah, 2012) .
In this study, we present a global database of measurements made by tension infiltrometer collated from the published peer-reviewed literature. We also present the results of some preliminary statistical analyses carried out on this comprehensive data set to elucidate the influence of soil properties and land use and climatic factors on the near-saturated and saturated hydraulic conductivity of soil.
Methods

Data collection
Data on hydraulic conductivity, K, as a function of water tension, ψ, measured by tension infiltrometer was collated from the published literature through ISI Web of Science and Google scholar searches. Data presented in tables were taken directly, while figures were digitized to extract paired K, ψ values. Average values presented for a given plot were recorded in the database, even if data for individual replicates was available. A plot was defined as a measurement location for which all entries in the database for potential predictor variables are identical. Data for a given plot was only entered into the database if the measurements were made on undisturbed soil and for at least 3 paired K, ψ values. A few studies only reported steady-state infiltration rates. In these cases, we calculated hydraulic conductivity from steady-state infiltration using the method of Ankeny et al. (1991) , knowing the diameter of the ring. Many studies report hydraulic conductivity at zero tension derived from unconfined infiltration measurements. In our experience, such measurements are liable to error due to leaks from the infiltrometer. This implies that the actual supply potential in these cases must have been slightly negative, since such leakages are quite obvious. For this reason, we assumed a nominal supply tension of 1 mm whenever hydraulic conductivity data were reported at zero tension.
In total, the database includes 753 individual data sets from 124 different published studies at 144 different locations worldwide (see supplementary material). Comprehensive auxiliary metadata and information on measurement and calculation methods, site characteristics and soil properties was also entered into the database (see Tables 1 and 2) , which can also be obtained on request from the corresponding author. Among the studies included in the database, climate data for the measurement sites was only infrequently reported. Thus, we estimated climate variables at each location using the FAO New LocClim model (http://www.fao. org/nr/climpag/pub/en3_051002_en.asp), which uses inverse distance weighting to spatially interpolate measured longterm meteorological data records for a global network of sites. In some of the studies included in the database, annual average precipitation was also reported (see Table 2 ), and this data was used to successfully validate the New LocClim estimates (see Supplement).
Summarizing the hydraulic conductivity data
The number and magnitude of supply tensions at which infiltration was measured varied widely between studies and sometimes also within studies. We therefore summarized each data set by fitting a simple model of near-saturated Ankeny et al. (1991) . e following Smettem and Clothier (1989) . f methods requiring early time transient infiltration measurements e.g., Vandervaere et al. (2000) .
hydraulic conductivity to the reported data (Jarvis, 2008) :
where K s is the saturated hydraulic conductivity, ψ min is the water/air-entry tension corresponding to the largest pore in the soil and n * , which reflects macropore size distribution and tortuosity (Jarvis, 2008) , is given by the slope of K(ψ) on a plot of logK vs. logψ. It should be noted that ψ min (and therefore K s ) could not be defined for many data sets, since measurements were not made at supply tensions close enough to saturation (see Fig. 1 for an example). For this reason, fitted values of n * and, where possible, ψ min were stored in the database together with K estimated at ψ = 10 cm, the R 2 value of the fit and the minimum and maximum supply tensions (see Table 2 ). From this data, K can be estimated at Jarvis (2008) . e log 10 (K 10 ) for data entries with maximum supply tension ≥ 80 mm (n = 537). f log 10 (K s ) for data entries with minimum supply tension ≤ 5 mm (n = 470). g = n * in Eq. (1). h = ψ min in Eq. (1).
any tension for each data set. Eq. (1) gave R 2 values larger than 0.9 for ca. 90 % of the individual data sets (Fig. 2 ).
Multivariate regression
Multivariate ordinary least-squares regression (MLR) models were developed for hydraulic conductivity at saturation, K s , and 10 cm tension, K 10 , and for the contribution of macropores to K s (= K s -K 10 , hereafter termed K s(ma) ) using a "bootstrapping" procedure (re-sampling with replacement) in which 63 % (on average) of the data points are used to build equations, while 37 % (on average) are not sampled and thus retained for validation. The bootstrapping procedure was repeated 250 times to ensure stable results. MLR cannot easily deal with categorical variables, and especially with hierarchical dependencies among them (i.e. land use and tillage systems, see Table 1 ). However, land use was included as a potential predictor variable by defining binary variables (1 = yes, 0 = no) for three broader land use classes that reflect traffic and cultivation intensity: arable or rotational agriculture (LUT2), perennial agriculture (LUT1), and forests or natural vegetation (LUT0). In order to minimize problems due to correlations among predictors, we included only six continuous variables (depth of measurement, clay content, bulk density, organic carbon content, annual precipitation, average annual temperature) in the analysis. Nevertheless, some of these predictors were still significantly correlated, so in addition to ordinary MLR, we also tested ridge-regression, which accounts for such correlations. However, the results of both methods were very similar, so we only present the results of ordinary MLR. Ordinary MLR models containing all possible combinations of these predictor variables were tested (i.e. a best subset regression for 255 possible models). For each dependent variable, the best model was selected as the one with the smallest value of the Akaike information criterion, an approach that penalizes overfitting. Model performance was also assessed with validation root mean square errors of prediction (RMSEP) and validation R 2 values calculated on the 250 sets of bootstrap samples. We excluded two organic soils from the MLR analysis, since as extreme outliers these could have biased regressions that use organic carbon content as a predictor. We also excluded measurements made in the subsoil (i.e. where the infiltrometer was placed at depths > 0.3 m), since we assumed that the influence of land use and climate would be stronger in topsoil than in subsoil. Ideally, we would have liked to develop separate regression equations for subsoil data, but the number of data points was too small: only 32 entries in the database refer to measurements carried out at depths > 0.3 m. We also excluded records for which extrapolation too far beyond the range of measured data was needed to estimate hydraulic conductivity from the model fits (see Table 3 ). We also investigated whether better MLR models could be obtained by excluding data sets for which Eq. (1) fitted poorly. However, no clear improvements were 3 Results and discussion Table 1 shows that, in contrast to UNSODA, medium-and fine-textured soils are very well represented in the database.
As noted above, this is because tension infiltrometry has been widely applied to study the effects of soil structure on hydraulic conductivity. Table 1 also shows that ca. 72 % of the data entries are from arable/rotational sites, 15 % from managed permanent grassland or perennial agriculture (e.g. orchards), while the remaining data (ca. 13 %) comes from forests or natural vegetation. Table 4 illustrates the relationship between soil texture and three broad land use types, which represent different degrees of cultivation and traffic intensity. Applying Pearson's chi-squared test to the joint frequency distribution shown in Table 4 suggests that it is not homogeneous and that a significant interaction exists between the two variables. Most of this is due to the predominance of natural vegetation and forest sites on coarsetextured soils: this combination of land use and soil texture class represents more than half of the total chi-squared value (Table 4) . Figure 3 shows the relationships between two of the target variables, the saturated hydraulic conductivity, K s , and the saturated hydraulic conductivity of the soil matrix (defined as K at a tension of 10 cm), K 10 , and several potential predictor variables. The plots for hydraulic conductivity in Fig. 3 show that K s is typically 1 to 3 orders of magnitude larger than K 10 due to the effects of soil macropores (e.g. shrinkage cracks, tillage voids, bio-pores) on K near saturation. In comparison, K decreases, on average, by a little less than 1 order of magnitude close to saturation for the soils in the UNSODA database (Schaap and Leij, 2000) , which contains more coarse-textured soils. As has previously been found for smaller regional-scale data sets (Børgesen et al., 2006) , the largest macropore hydraulic conductivities (= K s -K 10 ) are generally found for finer-textured soils of smaller matrix hydraulic conductivity. Furthermore, contrary to the predictions of widely used estimation algorithms, Fig. 3 suggests that there is no clear trend of K s with soil texture. Thus, on average, K s in clayey-textured soils is just as large as in non-structured sands, due to the contribution of macropores. One important caveat here is that more than 90 % of the measurements in the database were made in the topsoil (< 0.3 m depth), due to the practical difficulties of applying this technique in subsoil. Although we cannot test the hypothesis here, it seems likely that textural controls on K s should become more dominant in deeper subsoil, where the effects of structure-forming biological and physical processes are weaker. Figure 3 also illustrates the extent of correlations between potential predictor variables of hydraulic conductivity. For example, coarse-textured soils tend to have somewhat larger bulk densities and smaller organic carbon contents. Organic carbon content also tends to be larger in soils under natural vegetation, while bulk density shows no apparent trend with land use. The two climate variables in the database show no significant correlation with soil properties, with the exception of annual average air temperature, which is weakly and positively correlated with clay content.
In the absence of confining rings or cores, unconfined three-dimensional infiltration occurs from the base plate of the infiltrometer and the measured infiltration rates must therefore be converted to an estimate of (one-dimensional) hydraulic conductivity. Several methods have been proposed, but Table 1 shows that those based on steady-state infiltration and a piece-wise log-linear approximation to K(ψ) (Reynolds and Elrick, 1991; Ankeny et al. 1991) are by far the most popular. Measurements of K(ψ) can also be made either in an ascending or descending sequence of water tensions. Table 1 shows that a descending sequence of tensions (i.e. from dry to wet) predominates. It is well known from local-scale studies that the various methods used to estimate hydraulic conductivity from measured infiltration rates can give significantly different results Ventrella et al., 2005) , as can the direction of the sequence of infiltration runs (e.g. Clothier and Smettem, 1990; Bagarello et al., 2007) . We therefore performed an analysis of variance for logK s , logK s(ma) and logK 10 for these two factors to check whether such effects were apparent in the database. No significant effects of measurement method or hysteresis were detected for logK s or logK s(ma) , but both factors were highly significant for logK 10 (see Tables 5 and 6 ). To check whether this result was affected by correlations with soil factors, we applied a chi-squared test to contingency tables of experimental methods against soil texture class. This analysis showed some significant bias with texture for the lesser-used methods of K determination, perhaps arising by chance due to small sample sizes, but none (with 97.3 % confidence) for the two dominant methods in the database (see Table 1 ). Of these two methods, K 10 was largest for the least-squares regression method proposed by Logsdon and Jaynes (1993) , which assumes a log-linear, near-saturated K(ψ) function of constant slope (see Table 5 ). As noted by Logsdon and Jaynes (1993) , this method may perform poorly if it is applied across a wide range of tensions in strongly structured soils, where the slope of logK vs. ψ often decreases markedly across the tension range close to saturation (Jarvis and Messing, 1995) . This limitation may not have been widely appreciated and understood, which may be why K 10 values were largest for this method. The analysis also indicated hysteresis effects, with larger K 10 values, on average, for drainage (i.e. wet-to-dry) sequences (Table 6) . Thus, as a result of this analysis, a more restricted data set was used to develop MLR models for logK 10 , consisting of data obtained from steady-state unconfined (i.e. 3-D) infiltration tests measured for a dry-to-wet sequence of supply tensions and assuming a piece-wise log-linear approximation to K(ψ) (Table 3). Table 7 shows selected bootstrapped multivariate ordinary least-squares regression (MLR) models for K s , K 10 and K s(ma) (= K s -K 10 ). (Table 7) . It can be noted that the validation root mean square error of prediction for these models was only 1-3 % larger than for the best-fit models, which contained more predictors ( Table 7 ). The predictive power of the selected models is relatively modest, with validation R 2 values from 0.19 to 0.32 and RMSEP values for log K ranging from 0.41 to 0.57 (Table 7) . These performance statistics are slightly better for the calibration data (Table 7) , and also compare favorably to the performance of existing estimation algorithms (Vereecken et al., 2010) . Indeed, better accuracy can almost certainly not be expected, because (i) the measurements in a global database like this may be influenced by unknown differences in experimental conditions and procedures (Reynolds, 2006) , (ii) it seems highly likely that there are many complex non-linear and/or hierarchical dependencies between variables in the data set that simple linear, additive, models cannot capture, and (iii) K at and close to saturation depends on the geometry and topology of a few larger soil pores, which may not be strongly correlated with properties of the bulk soil (Ghafoor et al., 2013) . This is also the reason for the large and apparently random short-range spatial variation in K s frequently found in field, hillslope and catchment-scale studies (Mallants et al., 1996; Buttle and House, 1997; Shouse and Mohanty 1998) .
Bulk density, land use and soil organic carbon content were identified as the three most important predictors for K s (see Table 7 and Fig. 4b ). Organic carbon is usually considered to improve soil structure, which would imply a positive correlation with K s . However, Table 7 suggests the opposite, with K s apparently decreasing as organic carbon content increases. This trend, which may be due to sub-critical soil water repellency, is also apparent in other global databases and pedotransfer functions for K s (Nemes et al., 2005) . Negative correlations between K s and soil organic carbon have also been found in some local-and regional-scale studies (e.g. Wang et al., 2009 Wang et al., , 2013 . Table 7 shows that intensive cultivation of arable land apparently reduces topsoil K s by, on average, a factor of ca. 2-3 compared with perennial agriculture, natural vegetation and forests. It seems probable that this may be mostly attributed to the effects of tillage, which disrupts the continuity of macropores, especially faunal and root biopores (Jarvis, 2007) . The results of this global Table 1 ), while the colors represent land use classes (olive green is LUT0, natural vegetation or forests; purple is LUT1, perennial agriculture; sky blue is LUT2, arable or rotational agriculture; black is unknown land use; see also Table 1 ). The thin red lines represent non-linear regression (locally weighted least-squares regression, LOESS) fits to the measured data. The figures in the main diagonal show a kernel density estimate for the variable (an estimate of the probability density function). Pearson correlation coefficients are shown in the panes to the right of the main diagonal. T est is in • C, P est in mm yr −1 , γ in g cm −3 , f clay and f oc in kg kg −1 , and log 10 (K 10 ) and log 10 (K S ) in log 10 (mm h −1 ).
analysis are supported by several local-and regional-scale studies, which show reduced near-saturated and saturated hydraulic conductivity in cultivated soil compared with soil under natural vegetation (e.g. Bridge and Bell, 1994; Whitbread et al., 2000; Fuentes et al., 2004; Zhou et al., 2008; Wang et al., 2013) . A significant effect of bulk density on K s was also detected (Table 7 , Fig. 4b ). In our study, this is probably mostly related to the effects of temporal variations in porosity in cultivated arable topsoil due to cycles of tillage and subsequent consolidation, although bulk density may also affect K s under natural vegetation (e.g. Hu et al., 2012) .
Unsaturated hydraulic conductivity is difficult and timeconsuming to measure and so is commonly estimated from measured or predicted K s values using capillary bundle models of the soil pore system (Van Genuchten, 1980 ). Using K s as a "matching point" in approaches based on these unimodal models of soil hydraulic functions can lead to serious overestimation of unsaturated hydraulic conductivity, since they ignore the effects of soil macropores (Schaap and Leij, 2000; Jarvis et al., 2002) . More reliable estimates of unsaturated K can be obtained with the matching point hydraulic conductivity set at a tension where macropores no longer conduct water. Here, this tension is assumed to be 10 cm (Jarvis, 2007) . Table 7 shows that in contrast to K s , clay content exerts a significant control on the saturated matrix hydraulic conductivity, K 10 , with smaller values found in finetextured soils. K 10 is also negatively correlated with bulk density, with a regression coefficient only slightly smaller Table 7 ), (C) residuals as a function of measured K s , and (D) a quantile plot showing how well the residuals match a normal distribution. than for K s , which suggests that compaction and loosening affects K similarly across the entire near-saturated tension range. Interestingly, the annual average temperature at the site, T est , was found to be positively correlated to K 10 (Table 7). The reasons for this are not clear, but one possible explanation is the greater risk of soil compaction in cold climates with short growing seasons, where farmers are often obliged to cultivate and traffic arable topsoil despite unfavorable soil conditions. Finally, the model for macropore hydraulic conductivity, K s(ma) , suggests a positive correlation with clay content and negative correlations with bulk density and arable land use (Table 7) .
Conclusions
The results of the bootstrapped MLR should be considered as illustrative of the main factors controlling saturated and nearsaturated hydraulic conductivity in soil, but the relatively modest values obtained for the validation statistics suggests that caution should be exercised in their predictive use. In this respect, it seems likely that the application of advanced "machine learning" techniques (e.g. classification and regression trees, random forests, neural networks), which can account for the complex non-linear and hierarchical relationships that unquestionably exist among many of the key predictor variables will yield more powerful predictive tools. Further research in this direction is in progress. We also intend to update the database as new data becomes available. In this respect, additional measurements made in subsoil and in nonarable land would be most valuable.
Nevertheless, the global explanatory analysis of the factors controlling saturated and near-saturated hydraulic conductivity presented here gives results that contrast strikingly with existing pedotransfer functions, in that our study highlights the dominant role played by soil structure. This can be attributed to the different data support in our study, which consists of field measurements made in topsoil rather than laboratory data. In particular, we demonstrated effects of both land use and climate on K. Arable sites have, on average, ca. 2-3 times smaller K s values than natural vegetation, forests and perennial agriculture. Furthermore, although K s was only weakly correlated with soil texture, K measured at a supply tension of 10 cm was significantly and inversely correlated with clay content. Thus, clayey soils have smaller K in the soil matrix and a larger contribution of soil macropores to K at and near saturation. 
